ABSTRACT In this paper, we propose a deterministic system analysis that guarantees a profit by developing a system calculus with deterministic bounds. A system analysis model is required to guarantee a minimum profit and ensure stable investments in the energy storage system (ESS) and photovoltaic (PV) by the third-party operators. The deterministic system analysis guarantees the worst case performance and determines the optimal ESS and PV capacity with an optimization problem through a smart grid system analysis. The proposed approach can be used as an analytical tool to determine the investment cost for a third-party operator and guarantee investment-based return by presenting the optimal ESS and PV capacity in a smart grid system.
INDEX TERMS Deterministic system analysis, worst-case performance, optimization problem.
NOMENCLATURE

R t
Cumulative electric power generated from renewable resource until time t A t Cumulative electric power demanded from customer until time t C t Cumulative electric power charged to ESS until time t. We take C t = 0 for t < 0. Thus C t is the amount of electric power that charges in the interval [ The associate editor coordinating the review of this manuscript and approving it for publication was Khmaies Ouahada.
B g,t
Cumulative electric power bought from power grid until time t L e,t
Cumulative electric power sold to other ESSs until time t L g,t Cumulative electric power sold to power grid until time t C D Cost for selling electric power to customer C g,b
Cost for buying electric power from power grid C g,s
Cost for selling electric power to power grid C e,b
Cost for buying electric power from other ESSs C e,s
Cost for selling electric power to other ESSs C ess Cost per unit capacity for ESS purchase C pv Cost per unit capacity for PV purchase R(t)
The amount of electric power generated from renewable resource at unit time slot t A(t)
The amount of electric power demand from customer at unit time t S(t)
State of charge of ESS at unit time t. Clearly,
S(t) = C t − D t x(t)
The amount of electric power charged at unit time t y(t)
The amount of electric power discharged at unit time t B e (t) The amount of electric power bought from other ESSs at time t B g (t) The amount of electric power bought from power grid at time t L e (t) The amount of electric power sold to other ESSs at time t L g (t) The amount of electric power sold to power grid at time t x max Maximum value for charge at unit time y max Maximum value for discharge at unit time S init Initial state of charge for ESS S cap Capacity of ESS S min cap A value of minimum capacity for ESS S max cap A value of maximum capacity for ESS S c ESS capacity of a third-party operator P c PV capacity of a third-party operator β Charging/discharging efficiency of ESS Additional installation cost of PV according to installation factors, ( ≥ 1). η Additional installation cost of ESS according to installation factors, (η ≥ 1).
I. INTRODUCTION
Although PV can produce electric power as a renewable resource, it is also characterized by intermittent power generation and is generally used in connection with ESS [1] - [3] . The business model for electric power through ESS-linked PV farms is one of the key business models for smart grids. Third-party operators trade electric power by investing in the installation costs of ESS and PV farm, and profits can be earned by operating these farms. For electric power trading businesses, a third-party operator needs the model to determine the optimal PV and ESS capacity in terms of the returns on the investments in the systems [4] , [5] .
Previous studies have suggested various methods for optimal ESS and PV sizing [6] - [15] . Their studies consist of non-system analysis models through non-optimization and optimization-based sizing methods. The hybridization control scheme for ESS sizing, which includes non-optimizationbased sizing, was proposed to maximize efficiency. The hybridization control scheme considers the procedure of multiple ESSs that are sized using the characteristics of the storage elements and a typical power demand profile [6] . In addition, some strategies of optimization-based sizing have been presented for energy management, control, and sizing ESSs [7] - [15] . However, authors of these studies did not discuss system analysis and therefore did not account for the flexibility needed for various environments. Therefore, an optimal ESS and PV sizing method based on system analysis is required.
System analysis methods based on stochastic analysis, including ESS and PV sizing, have been studied to analyze investment and profitability in the electric power business in flexible environments [16] - [26] . These studies are divided into non-optimization and optimization-based sizing methods. Non-optimization-based sizing methods with stochastic system analysis have been presented, including approaches to determine the optimal sizes of storage systems. The optimal ESS size in the charging station is determined such that the station energy cost and the storage cost are minimized [16] . In addition, some strategies based on optimization-based sizing with stochastic system analysis are presented for sharing-based ESS analysis, PV-connected ESS analysis, and so on [17] - [26] . However, stochastic analysis stochastically suggests the optimal investment amount. Presenting a stochastic amount of investment cannot produce confidence for a third-party operator. Therefore, a deterministic system analysis is needed to assess amount of return relative to the investment cost.
ESS sizing methods have been proposed based on deterministic system analysis with a non-optimization problem [27] , [28] . ESS sizing was proposed through deterministic system analysis, but it addressed the inertial constant and droop to regulate the frequency [27] . A deterministic single-stage transmission expansion planning model presents the ESS sizing through deterministic system analysis [28] . however, it deals with the power loss in the transmission process. There is a need for a method to determine the investment cost by determining the optimal ESS and PV capacity through a deterministic analysis.
The optimal sizing methods based on deterministic system analysis with an optimization problem were studied, and a novel method for multi-objective minimization was developed [9] , [29] . The method involves partitioning high-dimensional, uncertain data into tractable clusters solved using deterministic optimization [29] . A deterministic approach was proposed to size a solar PV and ESS. For optimal sizing, an in-depth study of the optimization problem was given, and particle swarm optimization with interior points was chosen for the solar panel sizing [9] .
Authors of previous studies performed deterministic clustering to analyze the amount of electric power that is generated and designed a stochastic model for ESS sizing and profit analysis. A third-party operator may have a problem in terms of the business operation if the actual profit is less than the predicted profit. However, existing methods cannot guarantee profits to a third-party operator. Therefore, an analysis method that can guarantee the worst-case profit relative to the investment cost is need for a third-party operator through a profit analysis against the investment cost. A deterministic traffic model is proposed for packet arrival and departure analysis in the network buffer. This method analyzes the worst-case performance for the amount, arrival, and departure of packets delayed in the buffer. The analysis to charge and discharge energy storage devices in the power network is similar to the arrival and departure analysis for network buffers. Therefore, we modify the network buffer analysis and apply it as a method to analyze energy storage devices [30] .
In this paper, we propose a deterministic system analysis method that guarantees the worst-case performance for an optimal ESS and PV sizing approach. To guarantee the worst-case performance, we developed a modified deterministic analysis method for the given environment with deterministic bounds for the ESS and demand and response. The proposed method can be used to engineer an analysis with worst-case performance guarantees. In addition, we design the optimization problem to analyze the profit maximization against the investment cost.
The contributions of this paper are summarized as follows.
• Deterministic analysis model is defined to analyze ESS state of charge (SoC) according to charging and discharging of the electricity power.
• System calculus is proposed by using deterministic analysis model in an isolated microgrid (MG) and grid-connected MG environments.
• The proposed model is formulated as an optimization problem to operate an energy management system (EMS) of a third-party operator for maximizing their profit through the optimal ESS and PV sizing. The rest of this paper is organized as follows. In Section II, we provide a brief introduction of related works. In Section III, we introduce the details of the proposed method. Section IV presents the optimization problem to guarantee the worst-case profit. Section V shows the results on the profits in various implementation environments, and we draw the conclusions in Section VI.
II. RELATED WORK
In this section, we discuss three ESS and PV sizing methods: non-analysis, stochastic analysis, and deterministic analysis. Table 1 is a list of related previous works for comparison of previous methods with our proposed method. The elements for the power provision consist of the PV, wind power, and electric vehicle. We discuss the deterministic, stochastic, and optimization methods for system analysis and compare the optimal ESS and PV sizing methods. Finally, we consider the revenue analysis factors through operating costs and investment costs [6] - [29] .
A. NON-ANALYSIS BASED SIZING METHODS
Authors of previous studies have suggested various methods for optimal ESS and PV sizing both optimization and non-optimization based. Researchers proposed hybridization control that included non-optimization-based ESS sizing to maximize the efficiency [6] - [15] .
The hybridization control scheme considered a procedure in which multiple ESSs were sized using the characteristics of the storage elements and a typical power demand profile. The optimal planning was proposed with an operation scheme for optimal ESS sizing. ESS sizing was achieved using a chronological commitment and dispatch model [6] .
The sizing and control strategy co-optimization for an intelligent PV power plant was proposed. A global linear programming optimization algorithm was developed, with the optimal component sizing computed directly in the same optimization as the operating management of the storage system [7] . An optimal energy management strategy was also proposed onboard the ESS. The optimal operating targets for the ESS sizing were obtained using multi-objective optimization with genetic algorithms [8] .
Control and sizing of the ESS used the energy storage to manage imbalance of electric power for variable generation, and the control objective was to minimize the hourly generation imbalance between the actual and scheduled generation by the wind farms. Three control algorithms were compared tracking minute-by-minute power imbalance, postcompensation, and pre-compensation [9] .
An optimal sizing strategy for substation-scale energy storage station has also been developed. The proposed strategy involves optimal charging and discharging that enable the ESS to offer both services, particularly considering the seasonal output variations in the surrounding wind farms connected at the substation. Consequently, an optimization model for the ESS capacity was formulated to achieve the trade-off between various costs and benefits involved in offering services by ESS [10] . An optimal sizing scheme for a local ESS was proposed. Three operating modes are detailed: 1) storage pack management, 2) normal operation, and 3) contingency operation [11] .
One approach was to determine the optimal location and size of the ESS in the power system network integrated with VOLUME 7, 2019 uncertain wind power generation. The uncertainty of the wind power output was represented by a scenario tree model for the unanticipated behavior of the operating decisions under system uncertainties to be properly addressed. The proposed formulation was too large to be solved directly, so a Benders decomposition algorithm was applied to reduce the computational burden [12] .
A method to determine both the ESS technology and its optimal sizing provided secondary frequency control to power systems with high penetration of wind generation. The objective was to determine the optimal investment in the ESS considering the impact of the energy storage device on the costs of the electrical system and on the quality of the frequency [13] .
A detailed comparative analysis of the optimal sizing was also presented, and a modified particle swarm optimization algorithm was used to solve the optimal sizing problem [14] .
A novel sizing methodology was proposed for battery energy storage system (BESS) planning. Novel variable-interval reference signal optimization and fuzzy control-based charging/discharging were presented to smooth the wind power, maintaining the state of health of the BESS in the meantime [15] . However, the authors of these studies did not discuss system analysis methods, and their methods were not suitable for addressing flexibility in varied environments. Thus, an optimal ESS and PV sizing method based on system analysis is required.
B. STOCHASTIC ANALYSIS BASED SIZING METHODS
Stochastic system analysis methods, including ESS and PV sizing, have been studied to analyze the investment and profitability of electric power businesses in flexible environments [16] - [26] . An approach was developed to determine the optimal size of the storage system, and the optimal size of the system in the charging station was then determined such that the station energy cost and the storage cost are minimized [16] .
A sharing-based ESS architecture was presented, the optimal size of the ESSs was analyzed, and an analytical method was developed for a group of customers. A detailed cost-benefit analysis was provided, with the results indicating that sharing-based ESSs were practical and yielded significant savings in terms of the ESS size. An analytical model was proposed for an ESS for solar power shaping [17] .
A new analytical model was presented to shape solar power that characterized both short-term and long-term variations in daily solar power. Then, techniques were provided to compute the near-optimal ESS size [18] .
One versatile model used advanced statistical modeling based on the vine-copula theory. By constructing a graphical dependency model, the proposed method could replicate the exact autocorrelation function and cross-correlation function [19] .
A heuristic strategy was proposed based on a voltage sensitivity analysis. The uncertainties in the storage sizing decision problem due to the stochastic generation and demand were accounted for by carrying out the optimal sizing over different realizations of the demand and generation profiles and then taking a worst-case approach to select the ESS sizes [20] .
A comprehensive planning framework was introduced to ascertain the most cost-effective sizing of the ESSs that would maximize their benefits [21] .
Chance constraints are formed on the minimum and maximum charge states of the storage device. A two-stage stochastic model of predictive control was formulated and solved. This allowed for the stochastic optimization problem to be solved directly without using sampling-based approaches and sizing the storage to account not only for a wide range of potential scenarios but also for a wide range of potential forecast errors [22] .
A probabilistic method was proposed for calculating the size. This method considered the combination of energy storage and real-time thermal ratings for enhancing reliability, deferring conventional reinforcement, and increasing the availability of energy storage to participate in commercial service markets [23] .
One suitable methodology was presented for the design of a certain wave energy converter and the calculation of a certain stochastic model of the latter necessary for the subsequent sizing of the ESS. The methodology was defined and was based on the scatter diagram of a certain location and the analysis of the sea states [24] .
A method was proposed to evaluate wind penetration as limited by grid frequency deviation and to size the ESS to increase the permitted wind penetration to an expected level. The method treated wind power fluctuations as stochastic processes rather than deterministic signals and took the frequency response characteristics of power grid into full consideration [25] .
A methodology was proposed to allocate ESSs in distribution systems in order to defer system upgrades, minimize system losses, and take advantage of the arbitrage benefit. The primary goal of this research was to determine the optimal size and location of storage units to be installed, in addition to their optimal operation, so that total system costs would be minimized while system benefits were maximized. In this paper, we adopted a probabilistic load model instead of utilizing time-series based models, which provided an optimal solution that was valid only for the applied time-series pattern [26] .
Stochastic analysis-based systems have been proposed, but stochastic analysis stochastically suggests the optimal investment amount. However, presenting a stochastic amount of investment cannot give confidence to a third-party operator. Therefore, a deterministic analysis-based system is needed to analyze the amount of return relative to the investment cost.
C. DETERMINISTIC ANALYSIS BASED SIZING METHODS
ESS sizing methods have been proposed based on deterministic system analysis [27] , [28] . Methodology was proposed for ESS sizing through a deterministic system analysis, but it dealt with inertial constants and droop for 98878 VOLUME 7, 2019 frequency regulation [27] . A deterministic single-stage transmission expansion planning model presented the ESS sizing method through deterministic system analysis, but it dealt with the power loss in the transmission process [28] . There was a need for a method to determine the investment cost by determining the optimal ESS and PV capacity through deterministic analysis.
Optimal sizing methods based on deterministic analysis have been studied [9] , [29] . A novel method for multi-objective minimization was developed that entailed partitioning high-dimensional uncertain data into tractable clusters that are solved through a deterministic optimization method [29] . A deterministic approach was proposed to size the solar PV and ESS. For optimal sizing, an in-depth study of the optimization problem was given, and particle swarm optimization with an interior point method was chosen for solar panel sizing [9] .
Previous researchers have performed deterministic analysis based on clustering to analyze the amount of electric power that is generated, and these have also designed a stochastic model for ESS sizing and profit analysis. A thirdparty operator may have a problem in business operations if the actual profit is less than the predicted profit. however, proposed methods cannot guarantee profit to a third-party operator. Therefore, an analysis method that can guarantee the worst-case profit relative to the investment cost is needed for third-party operators through a profit analysis against the investment cost.
III. DETERMINISTIC SYSTEM ANALYSIS METHOD
In this section, we first set down the universal concepts that we used throughout our paper as material for the smart grid. We then present some very general observations, followed by a study of the system via deterministic calculus that works with deterministic bounds during charging and discharging. The calculus can be used to guarantee the worst-case performance.
A. CHARGING AND DISCHARGING IN A THIRD-PARTY OPERATOR IN A SMART GRID: UNIVERSAL CONCEPTS
In this subsection, let us consider a third-party operator in an isolated MG environment and discuss the system concepts. Figure 1 shows that a third-party operator considers the environment in which the PV farms and ESSs operate. The PV farm generates electrical power, which varies depending on environmental conditions such as the weather. Electric power generated by the PV farm is charged to the ESS. Consumers require a third-party operator to supply the required electric power, and a third-party operator discharges electric power charged in the ESS. Although the charging processes are determined by PVs, the discharge processes are determined by the EMS of a third-party operator and various appliances of customers in a home area. There is a certain minimum ESS SoC that charging and discharging must experience: This is the sum of the amount of electric power generated by renewable generators (RGs) and customer demand. Figure 2 shows a concept to charge and discharge the ESS. Figure 2 -A shows the amount of electric power measured by the PV farm per unit time. We define a unit time as the minimum time interval that a smart meter can measure. The discrete value of the charge and discharge within unit time does not change because the charge and discharge are sampled per unit time [31] , [32] . Figure 2 -B shows the amount of electric power generated from each PV. We discretely quantify the amount of electric power generated by the PV farm as shown in Figure 2 When the total amount of electric power C generated from the PV farm is charged to the ESS, electric power C will start charging at unit time t and finish charging at t + C/L by the charge and discharge limit value L per unit time. Electric power exceeding L per unit time cannot be charged anymore. Similarly, if the amount of electric power discharged VOLUME 7, 2019 is determined as D and the discharge limit value per hour is L, D will discharge and finish at t + D/L. Therefore, electric power exceeding L per unit time cannot be discharged anymore. This discussion is illustrated in Figure 2 -B. If the amount of electric power charged and the amount of electric power demanded are the same, then electric power generated may be immediately discharged. This discussion is illustrated in Figures 2-C and 2-D. Electric power generated from the PV farm per unit time is stored in the ESS, and electric power stored in the ESS is discharged according to the schedule of a third-party operator based on customer demand. With this assumption, Figure 2 -C shows a concept of charging and discharging at unit time. Figure 2 -D shows that electric power can be allowed to accumulate in the input and output processes of the ESS.
We assume that C t , D t , and S(t) are right-continuous and have left-hand limits. The power generation and demand at time t are included in the cumulative charging and discharging by C t , D t , and the amount of charge and discharge are given by
. Then, C t and D t are cumulative processes that are nondecreasing in t. In our paper, subscript t (for example, S t ) means cumulative element. And also, parentheses t (for example, C(t)) means unit time t.
B. DETERMINISTIC ANALYSIS MODEL AND SYSTEM CALCULUS
In this subsection, we design the deterministic analysis model and the system calculus. The deterministic method is that when we say that the charging and discharging processes from the RGs and customers have certain properties. We can say that the deterministic method considers the worst-case performance of the system. We first performed system modeling in an isolated MG environment. Then, based on this model, we performed system modeling in a grid-connected environment.
1) ANALYSIS MODEL AND SYSTEM CALCULUS IN AN ISOLATED MICROGRID ENVIRONMENT
We first discuss the concept of deterministic analysis. Then, we develop the equations by the relationships between charging and discharging processes we defined in an isolated MG environment. Figure 3 shows the deterministic analysis method for the ESS SoC by using cumulative electric power charged and discharged. The solid line C indicates accumulated electric power charged from the RG. The thick line D means the amount of electric power discharged from the ESS by the demand of customers A. s is the time at which the observation started, and t is the current point of observation in Figure 3 . Therefore, we can get cumulative electric power charged and discharged until time s C s and D s at the observation started s. Also, cumulative electir power charged and discharged until time t C t and D t are gotten at time t in the same manner. We utilize Sup(supremum: the least upper bound) and Inf(infimum: the greatest lower bound) for the deterministic analysis that analyzes the worst-case performance in this section.
Assume that before time 0 (i.e., at 0_), the generated electric power, the consumed electric power, and SoC of ESS are empty: C(0_) = D(0_) = S(0_) = 0 for all t ≥ 0. We define an equation for the cumulative electric power charged as follows.
Equation (1) means the cumulative electric power charged to the ESS, excluding the amount of electric power lost by the charge/discharge efficiency (β) when electric power generated from the renewable energy source is charged to the ESS.
The scheduler of the EMS determines the amount of electric power discharged from the ESS to various customer appliances, excluding the amount of electric power lost by the charge/discharge efficiency (β) for demand. The amount of electric power discharged at unit time t is determined as follows.
Q t means cumulative demand left of total demand until time t. Also, E t means cumulative available electric power of ESS until time t.
Definition 1: If E t and Q t , t ∈ R are nonnegative, nondecreasing functions, then the convolution of these functions is defined as follows.
Remark 1: The operator * is used for the deterministic calculus of the charging/discharging processes.
From definition 1, it is clear that for causal E(t) and Q(t).
We need the limits 0_ and t + in inf to take care of jumps in E t and Q t at t = 0. The slopes of E t and Q t are shown at the top of Figure 4 . We utilize the convolution operation to use two slopes although parameter E t and Q t have different slopes that are ρ from parameter E t and γ from parameter Q t each other as the bottom of Figure 4 . We used Inf to perform the worst-case performance in this paper. Therefore, equation (4) means the greatest lower bound of discharge amount from the ESS until time t in the isolated MG environment. E t means cumulative available electric power of ESS until time t. the amount of electric power until time t is a difference of cumulative electric power generated from PV farm until time t and cumulative electric power for self-discharge of ESS until time t. The equation is determined as follows.
Q t means cumulative demand to process until time t. the amount of the demand to process until time t is a difference of the demand until time t and the demand processed until time t − 1. The equation is decided as follows.
We define the ESS SoC of a third-party operator in the following equation.
This expression for the ESS SoC is important for analyzing the worst-case performance by using C t and D t in the isolated MG environment. Equation (7) is the difference between the cumulated charge and cumulated discharge over the interval (s, t). Sup is used to perform the worst-case performance in this paper. Therefore, Equation (7) means the least lower bound of the ESS SoC at time t in the isolated MG environment.
2) ANALYSIS MODEL AND SYSTEM CALCULUS IN A GRID-CONNECTED MICROGRID ENVIRONMENT
We first discuss the deterministic analysis in a grid-connected MG environment. Then, we derive the equations for the environment. Figure 5 shows the operation environment of a third-party operator that charges electric power to the ESS from its PV farm, another MG, and the power grid, and discharges electric power from their ESS to main grid, another MG, and home customers. We define electric power bought (B e (t), B g (t)) as in the following equations.
The amount of electric power bought from other ESSs and the power grid for all t > 0 is limited to the threshold values (B e,l,t , B g,l,t ) at every time t. The amount of electric power sold to other ESSs and the power grid (L e (t), L g (t)) for all t > 0 are also limited to the threshold values. B g,l,t and L g,l,t are given from the power grid every time and B e,l and L e,l are given from other MGs every time. These values are used as in the following equations.
Assume the generated electric power, the consumed electric power, and the SoC of ESS: C(0_) = D(0_) = S(0_) = 0 for all t ≥ 0.
We define an equation of the charging processes for grid-connected MG as follows.
Equation (12) refers to the amount of electric power generated from RG, the amount of electric power bought from other ESSs, and the power grid, excluding the amount of electric power lost by the charge/discharge efficiency (β). The EMS scheduler determines the amount of electric power for discharge, and the amount of electric power discharged is determined in grid-connected MG as follows.
Cumulative available electric power of ESS until time t at grid-connected MG environment (Ē t ) is defined as in the following equation.
The above equations consider more buying and selling of electric power then does Equation (3). Therefore, parameterĒ t also considers buying and selling electric power as in the following equation. Also, sup means the worst-case performance of the discharge amount for ESS in a grid-connected MG.
We also utilize a convolution operation to use two slopos, although parametersĒ t and Q t have different slopos that are ρ from each other, the bottom of figure 4.
We define ESS SoC of a third-party operator in a grid-connected MG environment as follows.
S(t)
This expression for the ESS SoC is important for analyzing the worst-case performance by usingC t andD t in grid-connected MG. Equation (16) in sup is the difference between the cumulatetive electric power charged and discharged over the interval (s, t). Sup is used to indicate the worst-case performance in this paper. Therefore, equation (16) means the least low bound of the ESS SoC at time t in the MG.
IV. OPTIMIZATION PROBLEM
In this section, we derive an optimization problem to operate the EMS of a third-party operator to maximize the profit through optimal ESS and PV sizing. In this section, we omit the notation of time t for the convenience of readers.
A. SYSTEM MODELING
In this subsection, we derive optimization problem formulation.
We first define the monitoring parameters (A, R, C g,b , C g,s , C e,b , C e,s , C pv , and C ess ). Monitoring parameters are known variables and are used with various collected data to find optimal values of ESS and PV capacity. However, all variables except monitoring parameter are unknown variable. It is used to find the optimal ESS and PV capacity.
According to equation (17), the elements for the charge consists of PV farms, power grids, and other ESSs. The amount of electric power generated has limitations, which is the minimum value and maximum value for R i ∈ 0, R i,max . The amount of electric power discharged at every time slot follows the discharge model for the ESS. The discharging model is in the following equation.
According to equation (18), the elements for the discharge consist of demand and of selling to the power grid and other ESSs. The limitation values for the charge and discharge are applied in every time slot as in the following equations.
If the generation from the PV farm and buying from the power grid and other ESSs is nothing, then the amount of charge has a minimum value. However, when the amount of generation from the PV farm is higher than a limitation value, the amount of electric power for the purchase is limited. 0 ≤ y ≤ y max (20) If the demand and the amount of electric power sold are nothing, then the amount of discharge has a minimum value. We define the initial value of the ESS SoC, which is zero. This follows equation (21) .
The capacity of the ESS is defined to operate the charge and discharge processes for a long time. The ESS SoC is not lower than the minimum capacity of the ESS and is not higher than the maximum capacity of the ESS. Therefore, the capacity model of the ESS has the following equation.
We define the minimum and maximum capacity of the ESS because a third-party operator realistically obtains the maximum profit in a MG environment. The minimum and maximum values are as in the following equation. (23) We define the power grid model to transact electric power between a third-party operator and the power grid. The amount of electric power for the purchase has the following equation.
B g,max means the maximum amount of electric power that can be purchased from the power grid at unit time.
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The amount of electric power for the sale has the following equation.
L g,max means the maximum amount of electric power that can be sold to the power grid at unit time. When a third-party operator buys and sells electric power, the cost for buying and selling electric power has the following equation.
0 ≤ B e ≤ B e,max and 0 ≤ L e ≤ L e,max (26) B e,max and L e,max mean the maximum amount of electric power that can be purchased from other ESSs and be sold to other ESSs. The cost model for the transaction with other MGs is defined as in the following equation.
We define the profit analysis model for a third-party operator. The third-party operator considers the maintenance cost and equipment cost of the ESS in the profit analysis. The model is defined as in the following equation.
C m and C e mean the maintenance cost and equipment cost. The maintenance cost C m consists of the cost for when a third-party operator buys and sells electric power with power grid and other ESSs as well as the demand of the customers. The maintenance cost is defined using the following equation.
The equipment cost C e is the cost incurred when a third-party operator equips the ESS and the PV farm. Each cost is considered according to the capacity of each device. The equipment model is defined as in the following equation.
B. OPTIMIZATION PROBLEM FORMULATION
We design the optimization problem to maximize the profit of a third-party operator. Therefore, the objective function of the optimization problem maximizes the cost sold and minimizes the cost bought and equipment through optimal ESS and PV sizing. The optimization problem for an isolated MG and a grid-connected MG is defined as the following equations. 
A third-party operator for an isolated MG does not deal with a purchase and sale, and thus, B g,t , B e,t , L g,t , and L e,t are omitted in (17) , (18) , and (28) constraints. A third-party operator should select the optimization capacity for the system elements by considering the environment and amount of PV generation, the demand by customers in their MG, and the cost to purchase and sell electric power. The third-party operator should select the optimal control parameters for the capacity of the ESS and PV farm.
V. PERFORMANCE ANALYSIS
In this section, we first describe the environments for the performance analysis. Thereafter, we discuss the performance analysis.
A. DISCUSSION OF SYSTEM ENVIRONMENT Figure 6 shows the environment for a third-party operator in a grid-connected MG environment. We set the implementation environment for a third-party operator in grid-connected MG environment. The third-party operator can gain profit by selling electric power generated from the PV farm, the main grid, and another MG. The third-party operator purchases the insufficient electric power from the power grid and another MG. Customers get their electric power from their third-party operator, not from the power grid. The implementation environment refers to the PV farm of KOSPO (Korea Southern Power) on Jeju Island, Korea and the data for the demand from KOSTAT (Statistics Korea) and KEPCO (Korea Electric Power Corporator) as well as the costs for ESS and PV from Cisco. We set the PV capacity and ESS capacity from 0 to 196kWh and 100kWh to 3,000kWh respectively. We also set the equipment costs for PV and ESS at 1,880$/kW and 2,090$/100kWh respectively. The equipment cost has continued to decline. In addition, the ESS and PV may have different installation costs depending on various factors, such as the installation size, location, and area. Generally, the ESS and PV are installed in cooperation with each other, so there is a possibility of cost fluctuations. Therefore, because we cannot determine the specific cost, we conduct a performance analysis considering various ESS and PV costs. Data of the generation from the PV farm and the demand are from January to December 2015 [33] - [35] . The equipment cost has continued to decline. In addition, the ESS and PV may have different installation costs VOLUME 7, 2019 depending on various factors, such as the installation size, location, area, etc. Generally, the ESS and PV are installed in cooperation with each other, so there is a possibility of cost fluctuations. Therefore, since we cannot determine the specific cost, we will conduct a performance analysis considering various ESS and PV costs. Data of the generation from the PV farm and the demand are from January to December 2015. Tables 2, 3, and 4 show the transaction cost, the amount of electric power generated, and the amount of electric power demanded to utilize the implementation. The cost of Table 2 is used for transaction with power gird and other ESSs in the grid-connected MG environment. The solar operator can be covered by the System Marginal Price (SMP) when selling electric power generated from the PV farm to the power grid. The SMP is the price used to sell electric power generated by the PV farm to the power grid. The SMP is decided by the most expensive electric power among electric power sold to the power grid and by the demand and the amount of the generated electric power. Therefore, the SMP is not fixed at each time slot. However, the SMP is fixed instead of real-time price in this paper. The reason is the electric company decided to sell fixed electric power at each time slot in Korea. Table 2 shows the various policies for the electric price. The price of electric power purchased from the power grid is based on the electric price presented by KEPCO in Korea. The price of electric power sold to the power grid is based on the latest SMPs offered by Korea Power Exchange. Finally, the intermicrogrid transactions and the sales price to the customers utilized the P2P transaction price. However, because P2P transaction prices are not presented in Korea, we apply the prices suggested by the EU [36] - [39] . In addition, we use pricing policies in Europe and the United States to analyze the returns that third parties can make in various pricing environments [40] - [44] . We apply the electric power policy of Korea to analyze the profitability of the third-party operator in Figures 8 through 22 and Tables 5 through 10 . Electric power policy is more expensive than other policies, and therefore, the third-party operator will make the highest profit. To demonstrate this, we compare the profits of operators under various policies in Figure 20 .
We use the hourly electric power production and demand data for the performance analysis. The data presented in Tables 3 and 4 show the approximate differences in the power production and demand for each season. Table 3 shows the peak power and average power generated from the PV farm during a day each season [45] , and Table 4 shows the peak and average power demanded each season for 10 households [46] . These tables are derived from raw hourly data for electric power generated and demanded [45] , [46] . The number of households is variously applied for the performance analysis.
In the next subsection, we analyze the amount of electric power stored in the ESS through the average SoC rate. To do this, we compare the amount of electric power stored in the ESS per hour (S t ) with the full ESS capacity (S max cap ). Furthermore, the amount of electric power stored in the ESS is decided by ESS SoC at time t-1(S t−1 ), the amount of electric power charged at time t(C t ), and the amount of electric power discharged at time t(D t ). Table 2 shows the peak and average power generated from the PV farm during a day each season.
In Figure 7 , the average SoC rate means the ESS SoC versus the full system capacity. The ESS SoC is determined by the amount of charge and the amount of discharge per hour. Therefore, if a large amount of SoC is kept for a long time, the average SoC is high. 
B. NUMERICAL RESULTS
In this subsection, we perform the performance analysis in various aspects in both isolated and grid-connected MG environments. First, Figures 8 through 10 show the relationships among the profit, average SoC rate, purchase rate, and sale rate. Figures 11-13 show the profit for the third-party operator according to various PV and ESS capacities in an isolated MG environment. Tables 5 through 7 show numerically the optimal ESS and PV capacities, optimal investment, 98884 VOLUME 7, 2019 TABLE 5. The optimal ESS and PV size for 10 years isolated MG environment. Demand for 60, 70, 80, and 90 households.
TABLE 6.
The optimal ESS and PV size for 10 years isolated MG environment. Demand for 600, 700, 800, and 900 households.
TABLE 7.
The optimal ESS and PV size for 10 years isolated MG environment. Demand for 6,000, 7,000, 8,000, and 9,000 households. and optimal profit for 10 years in an isolated MG environment. Figures 14-16 show the profit for the third-party operator for 10 years in a grid-connected MG environment. Tables 8 through 10 show numerically the optimal ESS and PV capacities, optimal investment, and optimal profit for 10 years in a grid-connected MG environment. Figures 17-22 show the results for each household over 10 years of profit that the third-party operator can earn in the isolated and grid-connected MG environments. Figures 23 and 24 show the profits according to the various costs of electric power and the various ESS and PV costs for 10 years. Figures 25 and 26 show the results of the profit evaluation according to trading cost of each country and each optimization model. VOLUME 7, 2019 FIGURE 9. The results for 600 -900 households according to a) ESS capacity in relation to profit, b) average SoC rate in relation to profit, c) purchase rate in relation to profit, and d) sale rate in relation to profit.
FIGURE 10.
The results for 6,000 -9,000 households according to a) ESS capacity in relation to profit, b) average SoC rate in relation to profit, c) purchase rate in relation to profit, and d) sale rate in relation to profit. is meaningless in an isolated MG environment because the third-party operator does not deal with a purchase and sale. The purchase rate is defined as the purchase amount from the power grid and other ESSs in relation to the total charging amount including the PV farm. Additionally, the sale rate is defined as the sale amount to the power grid and other ESSs in relation to the total discharging amount including to customers. All panels of Figure 8 have their own VOLUME 7, 2019 TABLE 8. The optimal ESS and PV size for 10 years in grid-connected MG environment. Demand for 60, 70, 80, and 90 households.
TABLE 9.
The optimal ESS and PV size for 10 years in grid-connected MG environment. Demand for 600, 700, 800, and 900 households.
TABLE 10.
The optimal ESS and PV size for 10 years in grid-connected MG environment. Demand for 6,000, 7,000, 8,000, and 9,000 households.
inflection points. The inflection point in Figure 9 -a means optimal ESS capacity according to costs for energy trading and amount of electric power charged and discharged. When the ESS holds proper electric power, the inflection point in Figure 8 -b means that the third-party operator obtains the maximum profit. With large or small electricity holdings, the third-party operator does not get the maximum profit. Figures 8-c and 8-d show that the amount of electric power the third-party operator bought and sold. Inflection points in Figures 8-c and 8 -d mean that a proper transaction maximizes the profits of third-party operator in a presented environment. The PV farm generates electric power only in the daytime, and therefore, the third-party operator should buy electric power from the power grid or other ESSs to meet the demand at night. If the third-party operator utilizes large ESS capacity, the profits of operator will decrease due to high installation cost. On the other hand, third-party operator sells surplus amount of electric power generated because ESS cannot hold total surplus amount of electric power. For this reason, the inflection points of figure 8 Figures 11-13 show the results for the profit of third-party operator in an isolated MG environment according to various ESS and PV capacities for seven years. We utilize a limitation value for minimum ESS capacity to operate a PV farm. If the RG production meets the demand of the customer and there is much power left, it requires high ESS capacity. However, ESS capacity may be low if the profit of the operator is lower than the capacity installation cost. This depends on the installation cost of the PV and ESS, the electric power trading cost, and the demand. In all panels of Figures 11 and 12 , when PV is installed at 200 kW, the third-party operator earns maximum profit. These figures show large optimal ESS capacities and small optimal PV capacities. These are because the third-party operator cannot trade electric power with the power grid and other ESSs. Table 5 shows the numerical results for optimal ESS capacity, PV capacity, investment, and profit per household for 1, 7, and 10 years with 60 -90 households. Figures 12 and 13 show the results of the profit evaluation with 600 -900 and 6,000 -9,000 households. The results in Figures 12 and 13 are similar to those in Figure 11 . Additionally, Tables 6 and 7 show the numerical results for 1, 7, and 10 years with 600 -900 and The profits for the third-party operator using the optimal ESS and PV capacities for 10 years in an isolated MG environment: Storage sizing for (a) 6,000 households, (b) 7,000 households, (c) 8,000 households, and (d) 9,000 households.
6,000 -9,000 households. In one implementation environment, when all proceeds were for 10 years, the third-party operator recovered the investment. However, the timing of the funds withdrawal may vary depending on the price of electric power, the ESS, and the PV. Figures 14-16 show the profit of the third-party operator in a grid-connected MG environment according to various ESS and PV capacities for 7 years. In Figure 14 , graphs show each optimum ESS and PV capacity according to the amount of electrical power demanded from households and generated from the PV. When comparing the optimal points of each graph, the profits of operator are high with 90 households with high demand despite the high installation costs. This is because the cost of the initial installation is high, but the demand is high, so the revenue from sales over 10 years is higher. Figures 15 and 16 show the results of the implementation in various demand environments. The resulting graphs also include the optimal ESS and PV capacities. Similarly, in high-demand situations, third-party revenue is at stake. Tables 8 through 10 show the numerical analyses for 1, 7, and 10 years with 60 -90, 600 -900, and 6,000 -9,000 households.
In this paper, we conducted performance analysis considering the cost for the purchase and installation of realistic ESS and PV. If the prices of ESS and PV do not decrease, it is difficult to earn profit by constructing and operating the system realistically, whereas if the price of ESS and PV decreases, the third-party operator can profit. Through considering ESS, PV, and electricity price, we aim to provide a tool that can analyze how much profit a third-party operator can earn during a specific period. The proposed method can prepare businesses for when the price of ESS and PV decreases.
The previous studies in Table 1 present the methods for finding the optimal ESS size or PV size. Our analytical model can find the optimal sizes of both but for a certain period of time. Therefore, comparing the optimal model with the previous studies is impossible. Instead, Figures 8-10 present the optimal profits for each ESS size, and Figures 11-16 and Tables 5-10 show the optimal profits for each size of ESS and PV. Figures 17-22 show the results of the evaluation for third-party operator profits using the optimal ESS and PV capacities for each number of households range in the isolated and grid-connected MG environments for 10 years. We apply the lifespan of batteries because the lifespan of lithium-ion based ESSs can be extended to 10 years [45] , and the lifespan of PV is 20 years [48] . Figure 17 shows the result of the evaluation for the third-party operator using the optimal ESS and PV capacities for each number of households range in an isolated MG environment for 10 years. In 80 and 90 households, the third-party operator earned profits after 5 years, and in 60 and 70 households, operator earned profits after 6 years. In Figures 18 and 19 , it does not matter how profit is generated. Figure 20 shows the result of the evaluation for the third-party operator using the optimal ESS and PV capacities for each number of households range in a grid-connected MG environment for 10 years. With 70 -90 households, the thirdparty operator earned the same annual income, and the profit was generated after 6 years. These findings did not hold with 60 households. In the case of 60 households, the reason for the rapid creation of profit is because the investment amount is small, whereas if a third-party operator manages for 10 years, profit is the highest with 90 households. Figures 21 and 22 also show the revenue earned by third-party operators in high-demand environments. Despite the change in demand, the investment will turn to profit in 7 years because the PV VOLUME 7, 2019 The profits for the third-party operator using the optimal ESS and PV capacities for 10 years in a grid-connected MG environment: Storage sizing for (a) 6,000 households, (b) 7,000 households, (c) 8,000 households, and (d) 9,000 households. and ESS capacities increase together when demand increases, resulting in fewer purchases of power from the grid. In both isolated and grid-connected MG environments, there is a difference in the time when the profit of third-party operator exceeds the break-even point. In conclusion, the time when the third-party operator obtains profits depends on the costs for trading, ESS, and PV installation. Figure 23 shows the revenue earned by third-party operators each year when the power prices fluctuate in an environment with 90 households. If an operator sells power to a customer at a lower price, the operator will be late in getting a return on investment. Conversely, if the price of electric power is high, the time to recover the investment will be fast. If the prices are low, the cost of the initial installation is low for the third-party operator, thus speeding up the installation. In contrast, if the prices of the ESS and PV are high, the cost of the initial installation is high for third-party operators, and the installation is slowed down. Figure 25 shows the profits for the different electricity prices in Korea, the EU, and the USA for 10 years. The result is intended to show the profits for third-party operators under a variety of pricing policies. Under a policy of Korea, the operator would need a large initial investment, and because of this high investment cost, the operator earned the lowest profit at the beginning of operation. However, the pricing policy of Korea has a high selling price, so that over time, the profits of the operator increased. In the United States in contrast, electricity is sold to customers at low prices, so that even after a long period of operation, the profit of third-party operator is relatively low. Figure 26 shows the profits according to various optimization models for 10 years [29] , [49] . The greedy algorithm finds the local optimum point, and in this proposed environment, the greedy algorithm finds the optimal electric power purchase/sale point per unit time. Therefore, if a third-party operator operates on a long term based on the greedy algorithm, the revenue may be less than the global optimum point. The energy-balancing algorithm uses the spare power of the third-party to supply power when electric power produced from the PV is less than the consumption. Because the algorithm does not consider purchasing power, it produces a relatively small profit in a power-trading environment.
In the performance analysis, we have seen the results when demand, electricity prices, ESS, and PV installation prices vary. Our approach will help operators determine the optimal ESS and PV capacities when a third-party operator starts a power business. This will help operators determine the amount of investment for their initial business. In addition, because we can identify the time and amount of revenue that a company will need to recover, the method we have proposed will be necessary for utilities.
VI. CONCLUSION
We proposed a deterministic analysis to guarantee profit by presenting deterministic bounds. A system analysis model was needed that could guarantee the minimum profit for a stable ESS and PV investment of a third-party operator. The optimal ESS and PV sizing approach performs a deterministic system analysis to guarantee worst-case performance and to design the optimization problem to determine the optimal ESS and PV capacities according to an analysis of the smart grid system. The proposed approach can be used as an analytical tool to determine the investment cost for a third-party operator and guarantee investment-based returns by presenting the optimal ESS and PV capacities in a smart grid system.
